Abstract-Indoor location estimation is a significant task for many ubiquitous and pervasive computing applications, with numerous solutions based on IEEE802.11, bluetooth, ultrasound and infrared technologies. Most of these techniques use the fingerprint-based approach, which needs exhaustive collection of the received signal strengths in various positions of the physical space. In the present work, we exploit the spatial correlation structure of the fingerprints and use the framework of Matrix Completion to build complete training maps from a small number of random sample fingerprints. The experimental evaluation with real data presents the localization accuracy based on complete reconstructed training maps, without making an exhaustive collection of fingerprints.
I. INTRODUCTION
Location estimation systems have a great potential in several distinct areas, such as in navigation, transportation, medical community, security, and entertainment, to mention a few. Due to the wide deployment of wireless local area networks (WLAN), specifically referred to the IEEE802.11 infrastructure, many indoor positioning systems make use of WLANs for estimating the position of a user via mobile devices. Received signal-strength (RSS) values is a typical metric used in WLAN positioning systems, as it can be obtained directly from access points (APs) by any device that uses a network adapter, while IEEE802.11 infrastructure does not require any specific hardware or installation costs.
The RSS-based location estimation systems can be classified in two categories, namely, the fingerprint-based and prediction-based techniques. The fingerprint-based techniques consist of two distinct phases. First, during a training phase a wireless device that listens to a channel receives beacons sent periodically by APs and records their RSS values at known positions of the physical space [1] . In a subsequent runtime phase the system also records the RSS values from received beacons but at random unknown positions. In both phases the wireless client scans all the available channels. The cell with a training signature that has the smallest distance from the runtime signature is reported as the estimated position. On the other hand, the prediction-based techniques employ RSS and radio propagation models to find the distance of a wireless user from an AP (e.g., CLS) [2] .
In a previous work [3] we proposed a two-step location estimation and path-tracking method: First, we employed a regionbased multivariate Gaussian model to restrict the search space of candidate cells; then, for each region, i.e. concatenation of fingerprints from neighbour cells, we performed reconstruction of an appropriate sparse position-indicator vector based on the theory of Compressive Sensing, which takes advantage of the inherent sparsity of the data and the physical space. Finally, the system recovers accurately sparse signals, in conjunction with the efficiency of a Kalman filter, which updates the states of a dynamical system and predicts the user's estimated position. The main drawback of that method was the time required for collecting the fingerprints on the physical phase [4] . In this paper, we build complete maps by reconstructing the fingerprint maps from a small number of measurements based on Matrix Completion (MC) [5] .
The paper is organized as follows: Section II gives motivation and presents the MC framework, while Section III shows the performance of the proposed method compared with our recent fingerprint-based algorithm [3] .
II. MOTIVATION AND PROPOSED FRAMEWORK
In order to address the exhaustive collection of fingerprints, we perform random sampling on the fingerprint maps. Random sampling reduces the time needed to build the fingerprint maps and as a result the energy consumption at the mobile device. In order to succeed on this, we need the existence of correlation between the fingerprints at different locations on the physical space, which depend on some characteristics of APs.
Because of transient phenomena, such as shadowing and multi-path fading, the fingerprints have a spatial correlation since closer locations show similar measurement vectors. Since fingerprints are correlated, the degrees of freedom of the fingerprint matrix are much lower than its dimension. If a matrix has a low rank property, then it presents a limited number of degrees of freedom.
Assume that we have the fingerprint maps from the received signal strength from the i-th AP at the j-th location on the physical space S ⊂ R i×j . While the recovery of the i·j entries of matrix S is impossible from a number of measurements m (where m i · j), MC shows that such a recovery is possible when the rank of matrix S is small enough compared to its dimensions. In fact, the recovery of the unknown matrix is feasible from m ≥ cj 6/5 r log j random measurements, where j > i and rank(S) = r. The original matrix S can be recovered by solving the following optimization problem:
where ||S|| * = min{i,j} k=1 σ k (S) with σ k (S) being the k-th largest singular value of S. M is the matrix S after sub- sampling, while A is a linear map from R i,j → R m , that has uniform samples in rows and columns and satisfies the Restricted Isometry Property (RIP).
Sampling on the measurements vectors of S will provide an incomplete fingerprint map. The mobile device that has to be localized uses a subset Ω of the measurements of S, which randomly chooses by sensing a random number of the k < h channels of APs. Finally the mobile device receives Ω ⊆ |i| × |j| measurements, with |Ω| = k(i×j) h , while the sampling map A Ω (M ) has zero entries at the j-th position of the i-th AP if S(i, j) / ∈ Ω. During the runtime phase we need to recover the unobserved measurements of matrix S, denoted by S − , by solving the following minimization problem,
where F denotes the Euclidean norm, and is the noise parameter. The convex optimization problem in (2) can be solved by an interior point solver, e.g. CVX [6] , or via singular value thresholding, e.g. SVT and FPC [7] , which applies a singular value decomposition algorithm and then projection on the already known measurements in each step.
III. EXPERIMENTAL RESULTS
In this section, the performance of the proposed fingerprint completion technique is evaluated and compared on a real dataset, which was acquired at INRIA in Paris. The wireless coverage is achieved by employing an infrastructure consisting of five IEEE802.11 APs. The area used in the formation of the fingerprint map is discretized in cells of equal dimensions 0.76 m × 0.76 m. The time intervals during the acquisition in the training and runtime phase were set to 90 sec and 30 sec, respectively. The estimation accuracy is evaluated in terms of the completeness of the fingerprint maps and the localization error, which is defined as the Euclidean distance between the centers of the estimated cell and the true cell where the mobile user is located at runtime. Fig. 1 and Fig. 2 show the recovery error of the fingerprint map S based on SVT and FPC respectively, while we increase the number of the entries of S. Fig. 3 shows the cumulative distribution functions (CDFs, P(X < x)) of the localization error of the proposed method in [3] based on a percentage of measurements used (25% to 100%). The method obtains a median location estimation accuracy of 2.38 m, 1.87 m, 1.67 m, and 1.36 m for {25, 50, 75, 100}% complete measurements of the fingerprint map, respectively. More specifically, by using 75% of complete measurements the location accuracy is decreased by 17%, while addressing the problem of exhaustive collection of fingerprints. 
